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Abstract 
Cognitive processes like working memory, attention play a key role in evaluating any 
subject's performance at a given task. Instead of proceeding with the methods that 
use task the completion time or accuracy or runtime of the program, we use human 
Electroencephalography (EEG) data and its features to quantify the programming 
expertise of individuals. Motivated by few other works with similar research goals, 
we use EEG to check if there is any correlation between the cognitive load and the 
self-reported data. We believe that this study helps to learn further about common 
threats to validity associated with the research in this area.  
Hypothesizing that there is no difference between the cognitive load experienced by 
experts and novices, we collected the EEG data of twenty-three participants in a 
controlled experiment and examined if the novice and the expert programmers could 
be grouped based on their EEG data. Emotiv Epoc is used as the Brain Computer 
Interface device to record the electrical pulses produced in the brain. Main parts of 
this project include planning and conducting the lab experiment during which 
participants provide their answers to the given Java programming questions and also 
to the questions in the given survey, signal analysis and feature extraction, data 
processing and data clustering. Our results show that there is difference between the 
cognitive loads experienced by people with different levels of programming 
expertise. 
 
Keywords: Electroencephalography, Emotiv Epoc, Cognitive Load, Brain Computer 
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Section-1: Introduction 
Some of the popular ways of measuring the performance or expertise of an individual 
are by giving him/her exams, questionnaires, surveys or taking their interviews and 
then judging their performance based on the task completion time or accuracy of the 
completed task or both. But this evaluation could be subject to bias if the evaluation 
involves considering the self-reported data too. This project focuses on using 
Electroencephalography (EEG) data and its feature cognitive load as a measure to 
check how correctly novice and experts could be distinguished. Hypothesis here is 
that there is no difference in the cognitive load experienced by individuals with 
different levels of programming expertise.  
There has been an extensive amount of work accomplished in the area of Human-
Computer Interaction, EEG signal processing and analysis in the past two decades. 
Besides, different tools and techniques have been developed that proved to be more 
sophisticated ways to measure the EEG. For instance, there has been a smooth 
transition from using invasive procedures to non-invasive methods of measuring 
brain activity which are a lot easier than the former ones. We shall discuss more 
about the differences between invasive and non-invasive forms of Brain-Computer 
Interface(BCI) in the next section. 
Here, in this project, we have chosen to assess the programming expertise of the 
participants. The programming language used is Java as this is usually taught in most 
of the basic programming courses and there were participants with different 
educational backgrounds. All the participants have at least some basic idea of Java 
programming constructs. This study aims at conducting experiments to – 
a. Understand the key principles of EEG data collection and common threats to 
validity associated with this kind of methodologies.  
b. Test the hypothesis: there is no difference between cognitive load 
experienced by novice programmers and cognitive load experienced by 
expert programmers. 
c. Examine the feasibility of the current study in differentiating the novices and 
experts based on the cognitive load experienced by them while resting and 
also while working on providing answers to the given programming tasks. 
Rest of the report is organized as follows. Following section, related work explains 
few terms related to EEG, current methods followed for EEG data collection and the 
reason for choosing Emotiv Epoc as our device to collect EEG data. It also provides an 
overview of other related works. The third section explains the methodology and all 
the tasks associated with all the four key stages of the study-data acquisition, signal 
pre-processing and feature extraction, data processing, and clustering. The fourth 
section presents the results of data clustering and also discusses any threats to 
validity. The last section presents the conclusion and suggests a few changes that 
could help to get better results and also gives the scope of future research. 
Section-II: Related work 
This section presents some background information like a brief introduction to EEG, 
different waveforms of EEG, cognitive load, and the importance of individual alpha 
frequency. These concepts give an idea of EEG signal analysis. This section also briefs 
on how Emotiv Epoc is used for data acquisition. In the end, there is a short summary 
of how other works have used Emotiv Epoc in their studies with similar research 
goals. 
a. Electroencephalography (EEG) 
Brain-Computer Interface (BCI) consists of both hardware and software and enables 
humans to control computers and other devices directly through their brain activity. 
Essentially there are three types of BCI- invasive, partially-invasive and non-invasive 
[1], [2].  In the invasive methods, microelectrodes are implanted directly into the 
brain to record the activity of neurons. In the partially-invasive BCI, electrodes are 
implanted in the skull but not into the brain. In the non-invasive form, electrodes are 
outside the skull and have less signal quality compared to invasive methods but it is 
often considered the safest and easiest way of recording the brain activity.  
Waveform Band range Characteristics 
Delta 0.5-3 Hz High in deep sleep. Largest amplitude compared to 
other waves. 
Theta 4-7 Hz Associated with cognitive activities like memory load, 
meditation. 
Alpha 8-14 Hz Most common in adults. Dominant frequency while 
resting. Reduces or disappears under stress, cognitive 
activity. 
Beta 15-38 Hz Lowest amplitude of all the waves. Associated with 
alertness and anxiety. 
Gamma 38-100 Strong focusing, concentration and information 
processing 
 
Table 1: Different waveforms of EEG signal 
Electroencephalography, shortly known as EEG is one of the prominent forms of non-
invasive BCI to measure the nervous system activity caused by electrical signals in the 
brain. EEG data is often characterized by its amplitude, frequency. The frequency of 
brain waves varies from 0.01 Hz to 64 Hz. Classification of different brain waves based 
on their frequency bands [3], [4] is presented in Table 1. 
b. Cognitive Load 
In simple terms, cognitive load indicates the total amount of mental effort put by 
working memory while performing a task. Cognitive load theory (CLT) [5] gives a 
relation between the capacity of the working memory and the cognitive demands of 
a task [6]. CLT classifies cognitive load into three categories-germane cognitive load, 
intrinsic cognitive load, and extraneous cognitive load.  Intrinsic cognitive load 
describes the mental effort experienced due to the complexity of the task at hand 
and does not depend on the design of the problem, like germane cognitive load. It 
varies with the underlying complexity of the problem.   
The capacity of working memory is limited and humans are conscious of the 
information that is held by working memory. As per CLT, working memory capacity 
and performance are inversely related.  As working memory plays a significant role 
in solving the given problem, measuring the performance of working memory implies 
measuring the cognitive load of the user’s brain over time. Low working memory load 
is associated with expertise whereas high working memory load implies lack of 
expertise [18]. [7] demonstrates how alpha and theta rhythms reflect the cognitive 
and memory performance. So we have chosen only alpha and theta waveforms to be 
used in the project to understand the differences in the cognitive load of experts and 
novices. 
c. Individual Alpha Frequency 
Though theta and alpha are associated with cognitive abilities and memory 
performance, the way they vary in the presence of cognitive load is very different and 
quite opposite too. [7], one of the prominent works in EEG analysis shows that an 
increase in the task demand leads to an increase in theta (synchronizes) and decrease 
in alpha (desynchronizes). Previous findings from [7], [8] show that the frequency 
which indicates a transition from theta synchronization to alpha desynchronization 
varies with the individual and is correlated to alpha, the dominant frequency in 
adults. It also shows that theta frequency varies as a function of alpha frequency and 
suggests to use alpha frequency as a common reference point for adjusting other 
frequency bands to achieve consistency in the interpretation of the data. [7] gives a 
classic example: consider an older adult with a poor memory performance. He or she 
may show a very less alpha peak frequency of 7 Hz which falls in the range of theta 
because of using pre-defined band ranges. Using peak frequency to define band 
ranges has been proven to give more meaningful and accurate results. So, this 
peak/dominant frequency has been a common step in defining other sub-band 
ranges. 
d. Emotiv Epoc 
Because of its ease of use, low set-up cost and portability, Emotiv Epoc, developed 
by Emotiv Corporation is one of the most used research-grade neuroheadsets. Few 
other commercial EEG devices available in the market are MindWave and MindSet 
from Neurosky, Epoc+ and Insight from Emotiv, Mindflex from Mattel, OpenBCI R&D 
Kit, OpenBCI Ganglion Board from OpenBCI and so on [9]. Table 2 presents the 
hardware configuration of the Emotiv Epoc device used in the experiments to collect 
the raw EEG data. Figure 1 is an image of Emotive Epoc [10].  
 
Figure 1: Emotive Epoc 
Emotive Epoc neuroheadset follows 10-20 electrode placement system and it has 
fourteen metallic sensors with pads to measure the brain activity. Additionally, it has 
two reference electrodes. We will be using the terms channels, electrodes, and 
sensors in synonymous with one another. The channels are given different names 
based on the location of the brain where the sensors are supposed to be placed [11].  
Letter F denotes frontal lobe, letter C denotes the central region, letter P denotes 
parietal lobe, letter O denotes occipital lobe and letter T denotes temporal lobe. 
Some channel names contain two alphabets in the name to indicate that the sensor 
is placed in the area that covers both the regions. Figure 2 shows channel location 
maps by name and by number respectively.  
Emotiv Epoc has a sampling rate of 128 Hz and it can measure the frequencies from 
0.2 Hz to 45 Hz. Epoc is wireless and connectivity is through Bluetooth. Unlike few 
other neuroheadsets that require a gel-like solution for the conductivity of 
electrodes, Emotive Epoc needs saline solution to keep the sensors wet while using 
the device. Dry pads do not measure any EEG activity. If required, it is good to wet 
the sensor pads by dripping saline solution using a small nozzle when the device is 
being used. But the best way to overcome this problem is to design the experiments 
in such a way that each session lasts no more than 30 minutes.   
Number of Electrodes 14 (CMS) + 2(DRL) 
Channel Names AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF4 
Electrode placement Non-invasive International 10-20 system 
Sampling rate ~128 Hz 
Sampling method Sequential sampling 
Resolution 14 bits 1 LSB = 0.51μV  
Bandwidth 0.2- 45 Hz, digital notch filters at 50Hz and 60Hz 
Filtering  Built in digital 5th order Sinc filter 
Connectivity Wireless, Bluetooth 
Impedance Measurement Real-time contact quality using patented system  
 
Table 2: Hardware configuration of Emotive Epoc neuroheadset 
Emotiv Epoc kit provides a set of tools and applications like control panel, testbench, 
and Software Development Kit. Emotiv Control Panel is used to check the battery 
status and also connectivity of the sensors while using the device. We can check 
whether sensors are properly connected to the scalp by looking at the color of each 
electrode marked in the control panel. Green indicates a good connection strength, 
orange and yellow indicate a weak signal, red and black indicate no signal. If multiple 
dongles are being used with multiple Emotiv Epoc, then more than one user instance 
can be created in the control panel and connection status can be viewed separately. 
TestBench software is used to record the data and it has various displays that lets the 
user view the raw EEG signal and FFT data. More information about Emotiv SDK and 
testbench is added in the appendix section of the report. 
Raw EEG data is recorded on Epoc TestBench. All the data is in EDF-European Data 
Format. TestBench allows converting EDF files into CSV files. TestBench user manual 
helps to understand different columns with the description of each column in the CSV 
file. Apart from development tools provided by SDKs, there are a few open-source 
tools like EEGlab, Fieldtrip, and BCI2000 that can be used for processing the EEG data 
and for feature extraction. [12] supports the use of Emotiv Epoc neuroheadset as a 
low-cost alternative for EEG signal acquisition by showing a good rate of classification 
accuracy in building an eye-wink interpretation system. Emotiv Epoc can not only be 
used in measuring cognitive load but also in analyzing emotions. [13] developed a 
video game in Android, using gyroscope that interprets head movements and EMG 
signals obtained from Emotiv Epoc headset. [14] focuses on only two channels and 
two frequencies beta and gamma to differentiate novices and experts based on the 
program comprehension skills. EMG and EOG data are used along with the EEG data.        
          
Figure 2: Channel locations by name and by number 
As we can record only raw EEG data from the experiment, the signal must be pre-
processed to remove any noise from the data. Filtering the data provides a good 
signal to noise ratio. From the options available, we can design filters on top of the 
existing ones like band-pass filters, band-stop filters, high-pass filters, low-pass filters, 
IIR filters. Any occasional spikes caused by the unwanted signal should be removed 
or limited by base-line adjustment. The term-artifacts is used in synonymous with 
noise. Though we instruct participants to avoid any unnecessary muscle movements, 
artifacts introduced by eye-movements, ocular artifacts cannot be completely 
prevented or completely removed. EEG signal processing toolbox like EEGLAB have 
options to remove ocular artifacts like eye-blinks in the data. 
After [7] presented the idea of Individual Alpha Frequency(IAF) which needs to be 
calculated from the power spectral density estimates of the signal, other works like 
[15], [16], [17] proposed several ways to find the power spectral density estimates 
and also how to find the peak in the given frequency range.  In all these works, 
different terms have been used to indicate peak frequency. This project has been 
motivated by the works [14], [18], [19] and follows the experiment design presented 
in these works. [20] shows a relationship between alpha and theta waves in EEG 
during relaxation and IQ test. Statistical techniques like linear regression and data 
segmentation were used to plot the power changes in the alpha band and theta band. 
Data segmentation focused on the interested events but not the whole signal. 
[18] proposed a method to quantify the expertise of subjects using the k-means 
clustering method to group the data. All the sessions involved participants providing 
their responses to the programs which require the cognitive activity of the brain. 
Participants also answered a questionnaire that has several questions related to their 
programming experience. Different clustering mechanisms were used to find if there 
is any relation between the cognitive abilities and the self-reported data. 
Section-III: Methodology 
The methodology that we followed in the current study is explained in four stages 
along with multiple sequential tasks involved in each stage. Stage-1 deals with few 
formalities that were required to be finished before starting EEG data collection. It 
also gives an idea of different procedures involved in the study, steps to ensure 
proper data collection. Stage-2 explains how power spectral density estimates (PSD) 
are plotted in EEGLAB and how power spectral density estimates are useful to 
understand the differences in frequency variation when the user is resting versus 
when the user is working on the given task. It also focuses on the extraction of 
features of EEG data like Individual Alpha Frequency (IAF) and band power. Stage-3 
involves steps like computing event-related synchronization (ERS)/desynchronization 
(ERD) values and data processing required for the next stage. Stage-4 involves 
classification of participant’s self-reported data into experts and novices and also 
clustering the objective data and analyzing the results. Figure 3 shows the important 
steps involved in each stage of the methodology. 
 
Figure 3: Four steps of methodology 
a.  EEG Data Acquisition 
As the project required human EEG data collection, we got the Institutional Review 
Board (IRB) approval (17-503) before the actual data collection began. All the twenty 
three participants are above 18 and signed the informed consent document that has 
the information about the purpose of the study, description of the procedures, risks 
and discomforts. All the participants are undergraduate students and graduate 
students at the university and all of them had taken at least one programming related 
course and have at least some basic knowledge of the programming language 
constructs.  
Experimental sessions were conducted in the lab. Each full session of the experiment 
involving each participant took 45-50 minutes out of which the device setup took 
around fifteen minutes. All the participants were instructed to minimize any 
EEG Data  
Collection
•3 sets of three trials (3-programs in each set), multi-channel EEG Data
•Get the questionnaire filled by all the participants
•Categorize the subject data into two groups- Novice (includes 
intermediate level too) and others as experts
Signal 
Analysis
& Feature 
Extraction
•Band-pass filtering
•Base-line adjustment
•Feature Extraction-Individual Alpha Frequency /Dominant Frequency
•ICA on EEGLAB and plot power spectral density estimates on EEGLAB
Data 
processing
•Define other band ranges based on IAF
•Compute the band power for rest period and trial period 
•Calculate the Event-related desynchronization (ERD) values
•Compute regression line over each participant’s task specific ERD
Data 
clustering
•Find the slope of regression line (performance; rate of change)
•Group the data by performing k-means clustering (2 clusters) by tasks for 
each and every frequency band.
unnecessary muscle movement as it introduces unwanted noise in the signal. 
Connectivity of the sensors and also sampling rate read from the Emotiv Epoc were 
verified first. There were few instances where the connectivity of one or two 
channels was weak because of the shape of the subject’s skull. Any session where 
there was no connectivity of at least one sensor or poor connectivity of more than 
two sensors was terminated and EEG data were not collected.  
The programs for which participants were asked to provide the output were - 
reversing the given string, finding the median of given array, printing the fizz-buzz 
series up to given number. As these programs do not have any complex logic and 
involves simple branching and looping statements, we chose these programs. 
Programs are given in the appendix section of this report. On the whole, there were 
three sets of three trials which means each question was presented to the user three 
times. In each trial, a program with an input is presented to the user and the user is 
supposed to type the output in the textbox present there. Between every two trials, 
there is a page that displays nothing except the word relax. There was at least thirty 
seconds gap between every two trials. All the questions were presented to the 
participants in a round-robin order. There was no limit on the task completion time 
because time-bound tasks might put the participants under stress too. Data were 
collected in parallel on TestBench in the form of European Data Format (EDF) files. 
Once participants were done with all the tasks, they were asked to answer a survey 
that contains questions related to their programming experience like number of 
programming courses taken, how long they have been programming, other 
programming languages that they know apart from C and Java and also about their 
experience working on academic projects and real-time applications. The survey was 
designed similar to the one mentioned in [21]. Survey questions are also included in 
the appendix section of this document. 
b. Signal analysis and Feature extraction 
MATLAB and EEGLAB were used for signal analysis. This stage involves basic EEG 
signal processing and feature extraction-extracting key signal characteristics and this 
reduces datasets without losing any information. 
i. Plotting Power Spectral Density Estimates on EEGLAB 
Not to be confused with the power spectrum which describes the distribution of 
power in a signal within different frequency bins, power spectral density is the 
strength of the distribution of power in a signal as a function of frequency. It shows 
at which frequencies the variations are strong and at which frequencies the variations 
are weak. As these features are applicable to infinite length periodic signals and as 
the signal length here is finite, it is said that we can calculate only an estimate of PSD 
values but not the accurate PSD value. There are different ways to calculate the PSD 
estimates in Matlab-using FFT (Periodogram is used), Matlab’s pwelch method.  
 
 
    Figure 4: PSD estimates-Rest period 
 
 
Figure 5: PSD estimates-Trial Period 
EEGLAB is an interactive MATLAB toolbox for signal processing. EEGLAB methods can 
be used directly from MATLAB too. After loading the EDF file, appropriate locations 
file needs to be uploaded. The reference .loc file should be available 
in EEGLAB/sample_locs folder on the computer. We can check whether right .loc file 
is loaded by plotting the sensor locations in 2D or 3D.  By default, there are thirty six 
columns of data out of which column-3 to column-16 contain sensor data. Channels 
are selected manually by providing channel numbers. Data not related to channels is 
omitted.  
To plot the power spectral density estimates, the signal is pre-processed to remove 
noise, band-pass filtered between 2 and 40 Hz, baseline adjusted to limit the slew-
rate. Median is removed from the total signal. Individual Component Analysis (ICA) is 
a good tool to separate the signals properly in case there are two or more sources of 
EEG data. There are different options for the automatic continuous rejection of the 
data and automatic continuous rejection of the channels in case we want to remove 
any identified artifacts related to muscle movement or eye-blinking. But we have not 
checked for the eye movement artifacts as that requires special expertise in this area. 
Plotting channel spectra and maps show power spectral density estimates for each 
and every channel selected. Figure 4 shows the PSD estimates of the EEG data 
collected when the subject is resting (when he or she is not sleeping, not excited and 
in restful wakefulness) and figure 5 shows the PSD estimates of the EEG data 
collected (14 channels) when the subject is working on the given task. As we can see 
in the plots, there is a synchronization in the theta band power between 4 Hz and 7 
Hz while working on a task whereas there is a slight desynchronization in the alpha 
between 8 Hz and 12 Hz. Each color in the PSD plots represents a channel. 
ii. Feature Extraction 
EDF files are converted to CSV files on TestBench. Each CSV file has thirty six columns 
out of which only fourteen columns contain the channel data whereas the other 
columns include metadata. To understand more about the data in CSV files, Epoc 
TestBench manual can be referred. Individual alpha frequency (IAF) is the feature 
that is extracted at this stage.  Dominant frequency is calculated as the value of 
highest peak between 8 Hz and 12 Hz in the PSD estimates of the rest period EEG 
signal. Figure 6 shows the PSD estimates of a rest-period signal with peak frequency 
rounded to 10. Instead of using pre-defined band ranges, we use IAF to define the 
sub-band ranges of Theta, Lower Alpha1, Lower Alpha2, Upper Alpha [7], [8]. Figure 
7 shows IAF values computed for all the participants. Minimum IAF observed is 9.5 
whereas maximum is 11. [7], [19] show that IAF is usually associated with memory 
performance of the individual. 
 
Figure 6: PSD estimates of a rest period signal with IAF 10 
 
Figure 7: Calculated IAF for all participants 
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Individual Alpha Frequency
c. Data processing 
Sub-band ranges are defined as follows [7]. Lower Alpha1: IAF-4 to IAF-2, Lower 
Alpha2: IAF-2 to IAF, Upper Alpha: IAF to IAF+2, Theta: IAF-6 to IAF-4. Next, band 
power of Theta, Lower Alpha1, Lower Alpha2 and Upper Alpha are calculated. Event-
Related Desynchronization (ERD) is defined as an increase or decrease in the EEG 
power from the resting period to task performance period [22]. It is calculated as 
percentage change in the band power of trial period EEG with reference to the band 
power of rest period EEG. Positive ERD values indicate event-related synchronization 
(ERS) whereas negative values indicate event-related desynchronization. Below is the 
classical method to computer ERD [22]. 
a. Pre-processing the EEG data: band-pass filtering, base-line adjustment 
b. Defining the band ranges based on the IAF that was calculated earlier 
c. Finding the power in each frequency band 
d. For each segment of trial period data, finding the mean of band power 
and then calculating ERD/ERS values. 
Linear regression is used in the prediction of future data based on the available data. 
The slope of a regression line signifies the rate of change in the ERD values. Linear 
regression is performed on the ERD values for each and every task across all the three 
trials. Dependent variables are the ERD/ERS values of different frequency bands. 
Matlab’s polyfit method is used to perform polynomial curve fitting. To perform 
linear regression using the Polyfit method, we need to pass 1 as the degree of 
polynomial fit to the parameter-n. It outputs a structure with the values of slope, x, 
and y-intercepts. These slope values are used in the next step. 
d. Clustering the data 
The regression lines computed in the earlier stage are clustered into two groups by 
their slope using the k-means clustering. Before analyzing how the data is clustered, 
we classified the subjective data which is nothing but the self-reported data of all the 
participants. Initially, we came up with five expertise levels-Class 0, 1, 2, 3 and 4. 
Eventually, these are again categorized into two groups- Novice programmers and 
expert programmers. Considering participants in classes-0, 1, 2 as novice 
programmers group and participants in classes 3, 4 as expert programmers group, 
we used a confusion matrix to compare the clustered data against the subjective 
data. An n*n confusion matrix [24] associated with a classifier provides information 
about actual and predicted classifications. It provides details like accuracy, true 
positive rate, true negative rate, precision and so on. Here, we consider only the 
accuracy which gives the percentage of accurate classification, the true positive rate 
which gives the percentage of experts predicted as expected and the true negative 
rate which gives the percentage of novice predicted as expected. An example of a 
simple 2*2 confusion matrix with formulae for calculating the output parameters 
described above are given below. 
 Predicted 
Negative Positive 
Actual Negative a B 
Positive c D 
 
Accuracy= (𝑎 + 𝑑)/(𝑎 + 𝑏 + 𝑐 + 𝑑) 
True Positive rate= 𝑑/(𝑐 + 𝑑) 
True Negative rate= 𝑎/(𝑎 + 𝑏) 
Class 
Name 
Description of criteria 
Class-0 Studied one or two basic programming courses and they don’t have any 
other programming experience. They have not programmed recently. 
Class-1 Studied more than two courses that had programming assignments and 
source-code implementation. Have no experience developing proper 
applications. 
Class-2 Have experience developing simple applications as part of academic 
projects. Have intermediate knowledge of few other programming 
languages. Does not code regularly. 
Class-3 Have experience developing full-stack applications as part of academic 
projects. Have a sound knowledge of few other programming 
languages. Codes regularly. 
Class-4 Have experience developing real-time applications as part of industry 
projects. Have a sound knowledge of other programming language 
constructs too. Codes regularly. 
  
Table 3: Class levels of the participants 
e. Threats to Validity 
 Though there are several artifact removal methods available nowadays, non-
invasive EEG is prone to noise and poor signal resolution and it records muscle 
movement artifacts too. So it cannot be guaranteed that the headset records 
each and every electrical impulse and all the EEG data comprises of only 
electric potentials as a result of some neural activity.  
 It is not completely possible to control the emotions and silently flowing 
thoughts of any person.  
 When we see the plots of power spectral density estimates on EEGLAB, we 
see high band power in the frontal areas of the brain but it could be because 
of eye-blinks too instead of just actual electrical impulses produced in those 
parts of the brain. Though EEGLAB offers many options to discard EEG data 
related to eye-blinks, it does not guarantee eye-movement/muscle-
movement free EEG data all the time.  
 Classification of subjective data into two groups could be subject to bias 
sometimes.  
 As the number of participants in the study is small, it is difficult to generalize 
these results to a large group. 
 
f. Difficulties 
 There are few small issues with the size of the device. For few participants, 
some sensors did not come into contact with the skull. Some trials were 
discarded due to this. 
 Experiments should be designed carefully to prevent any excessive noise that 
could be introduced in the signal due to the drying up of saline pads. 
Connectivity of the sensors had to be monitored continuously. Conducting a 
pilot study could be more helpful. 
Section-IV: Results 
While performing clustering, we have considered all the trials containing both correct 
and incorrect answers. First, we clustered all the trial data related to all the three 
tasks by the bands- Upper Alpha, Lower Alpha 1, Lower Alpha 2 and Theta, then trials 
associated with each question separately. The average accuracy, the average 
percentage of correct expert predictions and the average percentage of correct 
novice predictions is also plotted and all the trials are clustered by each frequency 
band too. Classification accuracy was almost similar when we considered class-2 as 
part of the expert group too. But we believe the results may be improved by coming 
with a better design and data analysis techniques. Figure 8 and 9 show the plots for 
the same. 
 
 
Figure 8: Plots showing percentage of correct predictions by each task 
Based on the silhouette values of the results of k-means clustering, we see the 
distance between data points and the centroid in the novice cluster is very less 
compared to the distance between data points and the centroid in the experts' 
cluster.  As per [23], silhouette values range from -1 to +1. A high silhouette value 
indicates that that data point is in the well-matched cluster and cannot fit in the other 
clusters. Clustering solution is more appropriate if many points in the cluster have 
high silhouette values. In our results, we see that 50-60% of our predictions are 
correct and around 70% points in novice cluster have silhouette values between 0.6 
and 1 whereas the silhouette values of data points in experts cluster are more 
dispersed. This shows that data points in the novice cluster are closely related and 
more similar. 
 
5
8
.3
4
8
.9
5
0
5
0
4
3
.2
4
3
.2
2
.3 6
.8
7
2
.2
5
4
.2
9
3
.8
8
9
.6
A L L  T A S K S T A S K - 1 T A S K - 2 T A S K - 3
PERCENTAGE OF CORRECT PREDICTIONS 
BY EACH TASK
% of correct predictions % of correct expert predictions
% of correct novice predictions
  
Figure 9: Plots showing percentage of correct predictions by each band 
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 Figure 10: A sample silhouette plot 
Section-V: Conclusion 
From the results of k-means clustering, it is clear that the data can be clustered into 
two different groups and hence the cognitive load experienced by the novice 
programmers and the expert programmers is not same. Observed differences 
between the PSD estimates of the signal collected during the rest period and during 
the trial period demonstrate the expected differences between rest period and trial 
period as shown by [7] so we believe that Emotiv Epoc can be used for conducting 
this kind of studies. Though there is no significant difference between the results of 
[19] and the results of this project in terms of total number of correct predictions, we 
see that data of the novice programmers got grouped more accurately in most of the 
places than data of the expert programmers. It should be noticed that the results 
depend on the distribution of the participants too. 
Based on the data clustering results that showed near accurate classification of 
experts but not novices, we suggest to consider other cognitive processes too along 
with cognitive load as solving the given task may involve more than just cognitive 
load. Studies like [12] produced more accurate results by using EMG and EOG data in 
their analysis. Other possible sophisticated exploratory techniques like analyzing the 
subject’s emotions along with the cognitive load or using other forms of BCI to 
distinguish the novices and experts might help to achieve better results. Devices with 
more number of sensors and devices with high sampling rate might help to record 
more accurate data. Epoc+ is better than Epoc as its sampling rate is 256 Hz. We 
believe that giving more complex programming questions to the participants to 
answers can show a significant difference in the cognitive load.  
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APPENDIX-I: Emotiv Epoc- Control Panel and TestBench 
TestBench software is used to record the data and it has various displays that let the 
user view the raw EEG signal and FFT data. Figures 11 shows the screenshots of 
TestBench in use with EEG and FFT displays. Emotive Epoc Software Development Kit 
(SDK) has three suites. First one, Expressiv suite captures the expressions of the 
subject. The second one, Affectiv suite measures and displays a set of range of 
emotional responses and the third one, Cognitiv suite evaluates the real-time brain 
activity to recognize the intent. There are a set of open source development tools 
and SDK API available on GitHub with code samples explaining the usage of different 
API. SDK provides API for the users to run their programs and collect the data directly. 
A sample Java code that recognizes the connected Emotiv Epoc device and uses 
getAverageBandPowers() to output the band power data is given below. More 
examples can be found at https://github.com/Emotiv/community-sdk.  
 
 
 
     
             
Figure 11: TestBench EEG display and FFT display 
       
Figure 12: Control Panel (SDK and Xavier SDK) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
APPENDIX-II: Programs given to the participants 
a. Reversing the given string  
 
b. Finding the median of given array 
 
 
c. printing the fizz buzz till given number 
 
Appendix-III: Questionnaire to assess programming expertise of 
the individuals based on their experience 
1. What do you think is the difficultly level of question-1? 
 
 
 
2. What do you think is the difficultly level of question-2? 
 
 
 
3. What do you think is the difficultly level of question-3? 
 
 
 
4. For how long have you been programming? 
 
 
5. Please rate your programming expertise on a scale of 1 to 10. 1 being the 
lowest and 10 being the highest. 
 
 
6. For how many years have you been working / did you work on a real-time 
software project in any company? 
 
 7. Have you taken any classes in which you have to implement any source 
code? 
 
 
8. How experienced are you with these programming languages- Java, C. 1 being 
minimum experience and 5 being professional expertise. 
 
 
9. How much time do you code per day, roughly? 
 
 
10. How many additional languages do you know? Please don't mention any if 
you are a beginner learning that language. 
 
